Forest carbon stocks in rapidly developing tropical regions are highly heterogeneous, which challenges efforts to develop spatially-explicit conservation actions. In addition to field-based biodiversity information, mapping of carbon stocks can greatly accelerate the identification, protection and recovery of forests deemed to be of high conservation value (HCV). We combined airborne Light Detection and Ranging (LiDAR) with satellite imaging and other geospatial data to map forest aboveground carbon density at 30 m (0.09 ha) resolution throughout the Malaysian state of Sabah on the island of Borneo. We used the mapping results to assess how carbon stocks vary spatially based on forest use, deforestation, regrowth, and current forest protections. We found that unlogged, intact forests contain aboveground carbon densities averaging over 200 Mg C ha −1 , with peaks of 500 Mg C ha −1 . Critically, more than 40% of the highest carbon stock forests were discovered outside of areas designated for maximum protection. Previously logged forests have suppressed, but still high, carbon densities of 60-140 Mg C ha −1 . Our mapped distributions of forest carbon stock suggest that the state of Sabah could double its total aboveground carbon storage if previously logged forests are allowed to recover in the future. Our results guide ongoing efforts to identify HCV forests and to determine new areas for forest protection in Borneo.
Introduction
Forest carbon stock is a time-integrated expression of numerous processes ranging from plant growth and mortality to natural disturbance and human land use. The spatial distribution of aboveground carbon density (ACD), measured in units of megagrams (Mg = metric tons) of carbon (C) per hectare (ha), is therefore affected by spatially variable factors that control growth and mortality, such as climate and biodiversity, and by the rate, spatial pattern and severity of disturbances such as storms, logging, and fire (Brown and Lugo, 1982; Houghton, 2000; Kasischke et al., 1995) . Mapping and monitoring of ACD has become increasingly routine (Asner et al., 2012a; Zolkos et al., 2013) , and now offers to accelerate efforts to conserve forests in the context of climate change mitigation by identifying areas of high-biomass, old growth canopies and/or areas deemed ecologically viable for recovery (Lindenmayer et al., 2013; Smith et al., 2000; UNFCCC, 2009 ). Carbon stock mapping may also complement other types of mapping for decision-making, such as for biodiversity protection, although high carbon stocks are not always correlated with high species diversity (Sullivan et al., 2017) .
Forest carbon stocks of the 7.25 million ha State of Sabah in Malaysian Borneo are a key case-in-point. Like much of Malaysia and Indonesia, Sabah has a centennial history of widespread forest exploitation via selective logging for timber (Jomo et al., 2004; Pinard et al., 1996) , which has more recently been followed by clear-cutting for oil palm and timber plantation development (Bryan et al., 2013) .
Today, remaining natural forests cover about 59% of Sabah, and most have been heavily but variably logged. Many of these forests are also actively being assessed in a process of ongoing land reallocation either for protection or other uses, but with an ongoing risk of the elimination of forest reserves to develop agricultural plantations. Like many developing tropical forest regions, Sabah's forest carbon landscapes are extremely heterogeneous, with ACD levels varying in non-random, nested patterns at local to regional scales. Heavily impacted landscapes such as Sabah have the added complexity of diverse, poorly known forest disturbance histories generated by years of multiple entry logging and post-timber extraction treatment. As a result, the forest carbon mosaic of Sabah cannot be reasonably assessed using ground-based inventory or partial-coverage mapping approaches. A complete, wallto-wall mapping is required by the state government to identify forests for new conservation action, and for future assessments of management performance. Moreover, a mapping of Sabah's aboveground forest carbon stocks, in addition to biodiversity, has been undertaken with United Nations Development Programme and multiple non-government organizational support to facilitate the selection of high conservation value (HCV) forests for a new large protected area.
Sabah's remaining natural forests, excluding mangroves, cover an area of about 3.7 million ha and are legally allocated to one of seven forest reserve classes, or are designated as parks or wildlife sanctuaries and conservation areas (Fig. A1 ). Class I, VI, and VII forest reserves, parks and the wildlife designations are considered the most protected in terms of forest carbon stocks and biological diversity. Class II, III, and IV reserves are under highly variable management, and as a result, they harbor widely varying degrees of carbon and biodiversity conservation. However, independent of current designation, nearly all of these forests previously underwent selective logging, with only a few exceptions such as Maliau Basin, Imbak Canyon, and parts of Kinabalu mountain, the Crocker Range and Danum Valley (Bryan et al., 2013; Gaveau et al., 2014) . Gaveau et al. (2016) provided the most current estimate of previously deforested land in Borneo, reporting > 1.86 million ha of deforestation between 1973 and 2015 in Sabah alone. Their study did not resolve forest carbon stocks on previously deforested lands or in regrowing forests.
Today, the Sabah government seeks to increase protected forests from about 1.8 to 2.2 million ha, representing an increase from about 25% to 30% of the state. A process is now underway to identify candidate forests for protection, an effort based on ecological, social, economic and political factors. From an ecological standpoint, areas best suited for increased protection are those that: (i) store the most carbon currently and/or which could do so in the future, and (ii) that harbor the highest biodiversity including endemic and highly endangered species. In this context, we sought to develop the first highresolution map of forest aboveground carbon density, as a contribution to advance a portion of the conservation planning activity for the Sabah State government.
Here we report on forest ACD throughout Sabah, along with an analysis of how ACD varies spatially based on forest use, deforestation, regrowth, and current forest protections. We combine airborne Light Detection and Ranging (LiDAR) sampling with wall-to-wall satellite imaging and other geospatial data to estimate forest ACD at 30 m (0.09 ha) resolution. Our approach provides a spatially-explicit understanding of aboveground carbon stocks by land allocation throughout Sabah, and facilitates rapid identification of candidate areas for forest protection.
Methods
Generating the wall-to-wall map of ACD throughout the State of Sabah required the integration of airborne data and regional modeling techniques. A flight campaign was undertaken to acquire LiDAR data, which were subsequently processed and converted into ACD estimates via statistical modeling. To extend the ACD estimates from the flight data to the entire state, we compiled a wide array of environmental data and used a deep learning model to upscale the flight data to wallto-wall coverage. Finally, we estimated spatially-explicit uncertainty and determined the relative influence of different environmental variables on ACD distribution. We describe each of these steps in the following sections.
Airborne data collection
We collected LiDAR data using the Carnegie Airborne Observatory-3 (CAO; Asner et al., 2012b) throughout Sabah in April 2016. The airborne sampling was designed to cover large portions of high-priority forested research and calibration landscapes, plus all forested landscapes deemed valuable for statewide mapping based on environmental heterogeneity. In total, 2.1 million ha of LiDAR data were collected, equivalent to approximately 29% of Sabah, and the sampling was distributed spatially based on a geostatistical modeling technique (Fig.  A2) .
During data collection, the field-of-view of the LiDAR was set to 38°, and we trimmed 2°from each side during data processing to remove edge effects, leaving a final field of view of 34°. We used a LiDAR pulse frequency of 200 kHz (combined from two channels), a scan frequency of 24 Hz, and the aircraft speed was maintained at or below 130 knots. These settings were selected to reduce variation in the along-track and across-track pulse spacing, and to achieve a minimum pulse density of 1.14 pulses m −2 (or 4.5 returns m
−2
). The final trajectories from each flight during the campaign had an estimated precision continually < 7 cm. The average root mean squared error (RMSE) of point position errors in the refined point clouds was 9.4 cm.
The geostatistical sampling technique was designed to maximize the coverage and cost efficiency of the airborne LiDAR sampling in support of spatially-continuous map generation. The technique uses a computational machine learning algorithm to link the high-resolution data collected by the CAO to statewide satellite and terrain data, hereafter referred to as the 'environmental data', as described later. These environmental data were prepared at 30 m (0.09 ha) spatial resolution, and incorporated a diverse array of satellite reflectance and radar products as well as elevation, slope, aspect, and related topographic data, described later.
Collecting sufficient airborne LiDAR data for the statewide mapping required near real-time analysis during flight operations to determine if the quantity and variety of environments had been adequately sampled with the CAO. Two criteria were used to make this determination: (i) the CAO data must be collected in a geographically dispersed pattern throughout Sabah, and (ii) the CAO data collected must encompass the variation in the environmental data covering the State of Sabah. These two criteria were addressed simultaneously by partitioning Sabah into 150 grid cells of 25 km × 25 km in size. By collecting enough airborne data such that a model of the environmental variation could be produced for each of these grid cells, we ensured that our sampling satisfied the first criterion. The use of the geographically dispersed grid cells ensured that the second criterion was met when the variation defined by the environmental data was sufficiently modeled within each grid cell as determined by precision saturation of the sampling statistics. Satisfying these two criteria indicated that collecting additional aircraft data would provide little additional value in the generation of a statewide carbon map.
Meeting the first criterion was straightforward: the CAO data were collected within each grid cell. Addressing the second criterion required analysis during the flight campaign. To track our progress towards sufficient modeling of the environmental variation, a metric was used to track changes in the precision of the statistical model applied to each grid cell. We generated statistical models of vegetation canopy height derived from canopy height measurements made with the CAO LiDAR. Following each flight, a model was generated by combining LiDAR canopy height estimates with the environmental data within each grid cell. These models were generated using the Random Forest Machine Learning (RFML) algorithm (Breiman, 2001) , selected for its computational speed needed for regional modeling during airborne data collection. RFML uses an ensemble of decision trees to quantify the relationship between environmental data within each grid cell and the LiDAR data collected by the CAO. The cloud-masked, LiDAR-derived canopy height observations were coarsened from 1 m to 30 m resolution to match the resolution of the environmental dataset.
During flight operations, each grid cell was updated with the increasing coverage of CAO data, which subsequently updated the gridbased RFML models (Fig. A3a) . Each grid cell model predicted the tree heights over the entire cell, and the root mean squared error (RMSE) between successive model predictions was determined. When the change in the RMSE decayed to a constant, we considered the grid cell to be 'data saturated,' and collecting additional data within that cell became a low priority. The asymptote of data values was detected by tracking the change in model performance as LiDAR data coverage was increased in the grid cell. To detect this asymptote, we used thresholds of 5 cm and 15 cm in the rate of change of successive models of canopy height as LiDAR data coverage was increased within the grid cell. The grid cell was said to be fully data saturated with LiDAR data if the 5 cm threshold was reached. The grid cell was said to be nearly data saturated if the 15 cm threshold is reached. This technique to maximize model precision in each grid cell, coupled with spatially diverse sampling across the entire set of 150 grid cells throughout Sabah, ensured that the LiDAR data collection provided a comprehensive sampling of the State.
On a grid-cell basis, our statistical models indicated that an average of 8.3% (standard deviation = 2.3%) of each cell required LiDAR coverage to achieve full geostatistical saturation. Our achieved coverage far exceeded this threshold, with an average 29.5% (standard deviation = 16.5%) of each cell sampled with LiDAR (Fig. A3b) . Oversampling was a result of the efficiency of airborne LiDAR data collection during mapping operations, combined with aircraft transits and other flight activities across the region during the campaign.
We emphasize here that our cell-by-cell saturation analysis is highly conservative. After all flying is completed, the grid cell-based calculations are no longer used, and all data are incorporated into a statewide model for each data product generated (e.g., canopy height, aboveground carbon density). The grid cell-based approach used during flight operations ensures enormous data density and spacing across Sabah.
Data processing
While flights were conducted to avoid as much cloud cover as possible, many areas were still flown above clouded terrain. Cloud cover under the aircraft results in enough noise in the data to interfere with data processing. We eliminated clouds using an automatic algorithm that removes points that deviate significantly from NASA Shuttle Radar Topography Mission (SRTM) elevation. Remaining cloud patches were removed manually from the data through careful and exhaustive examination.
We used the LAStools (rapidlasso, GmbH; Gilching, Germany) suite of computational tools to identify ground points and interpolate ground and upper canopy returns into 2 m resolution maps of bare-earth ground elevation (DEM) and top-of-canopy height above ground (TCH) for each flight line (Fig. A4) . We then combined the TCH data from each flight line into a single mosaic. After the 2 m TCH maps are created, we then average pixels together to generate 30 m resolution TCH maps. We also used the 2 m TCH data to calculate the fraction of each 30 m resolution pixel that exceeds 20 m, known as Cover 20 .
Field calibration to aboveground carbon density
We used a network of field calibration plots comprised of previously measured plots , and new plots developed using the CAO field inventory protocol . Field plots varied in size from 0.28 ha to 1.0 ha, and each plot had to, at a minimum, provide measurements of live and dead standing tree diameters at breast height (dbh) and canopy height for stems > 10 cm, as well as knowledge of the tree genera present for use in wood density estimation. For each plot, we calculated ACD est using the BIOMASS workflow of Réjou-Méchain et al. (2017) , which propagates uncertainty in estimated ACD arising from field measurement errors and uncertainty in allometric models. Equations from were used to estimate aboveground carbon density (ACD est ) from LiDAR TCH in meters, with a modification to incorporate canopy cover at 20 m aboveground, also derived from LiDAR data . The ACD est calibration was performed in two steps. First, we calculated the residual of a nonlinear fit between TCH and Cover 20 so that we minimize the influence of collinearity on ACD est , as: Fig . A5 illustrates the application of this equation to all CAO flight data. These equations were calibrated with airborne LiDAR data collected by the CAO and a British research aircraft , and represents a robust approach that is applicable across LiDAR platforms.
Environmental data for regional upscaling
We used a combination of environmental data for the upscaling of the airborne LiDAR to the Sabah statewide level (Figs. A6-A8). Generic spatial distance was modeled in latitude and longitude. Four topographic variables (elevation, slope, aspect and relative elevation) were calculated from NASA Shuttle Radar Topography Mission (SRTM) data. Relative elevation was calculated as the elevation above the nearest water body, providing an index of local topography and hydrology .
Numerous satellite data sources were investigated and compiled to generate the environmental data used for upscaling the airborne LiDAR to the statewide level. We compiled Landsat-8 surface reflectance images for a one-year period (15 Oct 2015 -15 Oct 2016 , processed to surface reflectance by the U.S. Geological Survey (Masek et al., 2006) , for the State of Sabah. We used the Google Earth Engine (Google, 2015) to mask out clouds, shadow, and water with the cfmask band. We then took the median value of each pixel, which further decreased the influence of spurious clouds and shadows. Our initial compositing indicated that there were no unmasked pixels available in 0.05% of the data. In these pixels, we used data from the previous year (15 Oct 2014 -15 Oct 2015 processed with the same method. As these instances were rare and only occurred in extremely cloudy areas over dense, intact forests, land-use impacts were less likely to have influenced these pixels. Reflectance bands 3 (green [0.53-0.59 μm]), 4 (red [0.64-0.67 μm]), 5 (near-infrared [0.85-0.88 μm]), 6 (short-wave infrared 1 [1.57-1.65 μm]), and 7 (short-wave infrared 2 [2.11-2.29 μm]) were included in the compositing. We excluded bands 1 and 2 due to atmospheric artifacts including aerosols. The resulting mosaicked Landsat-8 surface reflectance bands 3-7 were spectrally unmixed using the CLASlite forest monitoring approach (Asner et al., 2009 ). This step generated fractional cover data layers, including photosynthetic vegetation (PV), non-photosynthetic vegetation (NPV), and bare substrate (B), at 30 m resolution, which were used in the upscaling analysis.
Synthetic aperture radar data from the ESA Copernicus Sentinel-1 satellite (Masek et al., 2006) was also used in statewide modeling. We compiled Sentinel-1 images collected using interferometric wide swath mode at 10 m ground-level resolution between the dates of 1 Feb and 1 July 2016 using the Google Earth Engine (Google, 2015) . We then took the median value of each pixel over that period from with the VH and VV polarizations. Both of these polarizations were included in the upscaling analysis.
Upscaling from airborne LiDAR samples
We used a supervised machine learning model to upscale airborne LiDAR-derived ACD estimates averaged at 30 m resolution to the suite of environmental data in order to generate a wall-to-wall forest ACD map of Sabah, also at 30 m resolution. We selected a deep learning model for this work after comparing outputs from gradient boosting regression, a random forest model, a generalized linear model (with and G.P. Asner et al. Biological Conservation 217 (2018) 289-310 without regularization penalties), and a support vector machine regression model. Deep learning models connect input features (here, the environmental data) to the response variable (the LiDAR ACD) through a sequence of layers of 'neurons.' With enough data, this modeling approach allows for the encapsulation of virtually any continuous underlying functional form, even those that may be complex and highly nonlinear in nature (Hastie et al., 2009) . To create an upscaling model at high spatial resolution, each pixel was determined using all of the information in the data layers for that pixel as well as the data layers in surrounding pixels (illustrated in Fig. A9 ). This assisted in accounting for boundary effects inherent to the mapped data, and also allowed the model to build in features of the landscape only evident at the multipixel level. Following tuning of model meta-parameters, we selected a fivelayer neural network with four identical internal layers of 200 neurons each. We used a softplus activation function for each layer (Dugas et al., 2001) , which is a smoothed version of the commonly used rectified linear unit (ReLU) activation. We used the mean absolute error as the loss function, solved with an Adam optimizer (Kingma and Ba, 2014) . To account for the fact that the collected ACD distribution is heavily skewed towards the lower end of ACD, we weighted samples > 300 Mg C ha −1 at 5 times their original value, and samples between 200
and 300 Mg C ha −1 at twice their original value. We selected these thresholds by looking for models with the least bias under visual inspection of the ACD disparity under a 10-fold validation. All models were created using a Theano framework (Al-Rfou et al., 2016) . Finally, we upscaled only the data coincident with all forests throughout Sabah with the exception of mangroves and timber plantations, as delineated by Sabah Forestry Department geographic information system maps.
Upscaling uncertainty
We estimated the uncertainty in our statewide ACD predictions using the methodology described by Asner et al. (2013) . We used the error analysis from a 10-fold cross-validation to derive the mean absolute deviation as a function of the predicted ACD. We then applied a linear interpolation function derived from the cross-validation to the upscaled ACD map to estimate our mapping uncertainty throughout Sabah. We tested at both 30 m (0.09 ha) and 1.0 ha mapping resolutions (Fig. A10) . In both cases, model precision was high (R 2 = 0.70-0.71), and errors were generally distributed in an even manner around the 1:1 line (low bias). Root mean squared error (RMSE) was 41.6 Mg C ha −1 at 30 m mapping resolution, diminishing to 34.1 Mg C ha −1 at 1.0 ha resolution, in accordance with published errors for LiDAR-based mapping of forest aboveground carbon density (Mascaro et al., 2011; Zolkos et al., 2013) . When further tested with spatially explicit holdout sets, distributed randomly across a 20 by 20 grid overlaid on the data set, the RMSE of the 30 m mapping resolution increased by 2.5 Mg C ha −1 while the RMSE of the 1.0 ha mapping resolution decreased by 3.0 Mg C ha −1 , indicating that the model is transferable over distances equivalent to the gaps in the flight coverage.
Feature influence
To investigate how the deep-learning model responds to different environmental variables, we calculated the influence that each particular feature had on the model output. This was performed by iteratively withholding each feature and then estimating the modeled RMSE. Features that, when removed, result in a higher error relative to the base model are deemed to be more influential. The resulting error deviations from each iteration compared to the full data set were then scaled and normalized, with the results shown in Fig. A11 . Relative elevation -a hydrological metric related to water and nutrient availability (Balzotti et al., 2016; Detto et al., 2013) -was the most important factor in scaling the CAO-based measurements to the Sabah scale. Additionally, shortwave-infrared reflectance, location, and elevation were important. All other factors had contributory roles.
Results and discussion
Results of the Sabah statewide mapping of forest ACD are shown in Fig. 1a , with an estimate of uncertainty provided in Fig. 1b . The mapping resolution is 30 m (0.09 ha), and the map excludes mangroves as well as oil palm and timber plantations. Uncertainties range from very low (approx. 15%) in areas of very high carbon stocks, to > 40% in areas of much lower carbon storage. Such relative errors are well documented in past research , with the highest carbon stocks displaying the lowest relative error.
A breakdown of forest carbon stocks based on the Sabah government's "Forest Class" system indicated that Sabah's fully protected "Parks" currently retain the highest carbon densities, averaging 165 Mg C ha − 1 (Fig. 2a) . Class I (protection) and Class II (commercial) contain nearly 50% lower ACD levels of about 100-110 Mg C ha G.P. Asner et al. Biological Conservation 217 (2018 ) 289-310 et al., 2014 . Class III (domestic) and Class IV (amenity) forest designations are associated with much lower ACD levels, averaging just 45 and < 5 Mg C ha
, respectively. Other low-carbon density designations include Wildlife Sanctuaries and Wildlife Conservation Areas (Fig. 2a) .
We also considered the mapped ACD results by forest history provided by Gaveau et al. (2016) , which revealed three findings (Fig. 2b) . First, forests mapped by Gaveau et al. (2016) as either intact or logged had statistically similar carbon stocks averaging about 100 Mg C ha (Table A1) . Other "intact" forest reserves yielded even higher carbon densities, with Imbak Canyon producing the highest mean stock of 229 ± 81 Mg C ha
, and the highest mapped ACD hectare of forest occurred in Kinabalu Park at 500 Mg C ha −1 (Table A1 ).
The Gaveau et al. (2016) classification was also used to assess the effects of past deforestation. We found that landscapes deforested for oil palm or timber plantations contain areas of residual forest with average carbon densities of between 7 and 26 Mg C ha −1 , after masking out oil palm and timber plantation cover (Fig. 2b) . Independent of time-sinceclearing, these landscapes harbor small tracks of forest that could be useful for animal habitat and/or as a starting point for reforestation efforts. Two additional findings further support this notion. First, more recently deforested lands, cleared between 2011 and 2015 contain significantly lower forest carbon (7 Mg C ha . Using the Sabah-wide ACD map (Fig. 1a) , we classified natural forests containing the top quartile and top 5% of carbon densities at 30 m resolution (Fig. 3) . Particularly high carbon stocks were found in Class I and Park-designated land allocations, such as in the Crocker mountains, near Mount Kinabalu, Maliau Basin, Imbak Canyon, Danum Valley, Tawau Hills, and Tabin forest reserves (Fig. 3) . While these reserves were expected to contain the highest carbon densities representing large tracts of remaining old growth, high-biodiversity forest, numerous areas of other high carbon stock forest were discovered in the State, particularly along the southern portion of Sabah, following the borders with Sarawak, Malaysia and Kalimantan, Indonesia. These areas remain relatively isolated today, compared to the rest of Sabah.
Additionally, 0.78 and 0.13 million ha of forests containing the top quartile and top 5% of mapped carbon stocks, respectively, were found outside of Class I or Park-designated reserves (Fig. 3) , thus representing prime targets for new or improved forest protection. These areas alone contain about 151 Tg (million metric tons), or 38%, of State's total forest aboveground carbon that could be protected. High carbon stock forests such as these may or may not harbor high levels of biological diversity (Ashton and Hall, 1992; Sullivan et al., 2017) . This possibility must be carefully tested and entered into the narrative on evaluating remaining forests for conservation. Additionally, we note that our results do not include belowground carbon storage, which may provide additional perspectives on the use of forests for carbon sequestration and other aspects deemed important for conservation and climate change mitigation.
We further assessed potential aboveground carbon storage gains in currently forested landscapes throughout Sabah. We compared the distribution of aboveground carbon stocks in all logged forests to those forests known to be free of past selective logging. The unlogged forests included a portion of Danum Valley, Imbak Canyon, and Maliau Basin, gazetted by Sabah state and verified by airborne LiDAR (Fig. 4) . The results indicate that, as a whole, forests of Sabah have a highly skewed distribution of carbon stocks, with the most common carbon levels ranging from 20 to 120 Mg C ha −1 (Fig. 5a ). In contrast, logging-free forests harbor much higher aboveground carbon stocks averaging 200 Mg C ha −1 (Fig. 5b) , a value observed in ground-based studies (Slik et al., 2010; Sullivan et al., 2017) . Although unlogged forests have a wide distribution of natural carbon densities, the difference in distributions clearly indicates that logged forests have a greatly suppressed amount of carbon stock above ground (Berry et al., 2010) . Building on these results, we estimate that if all current forests were to be protected and remain unlogged into the future, and if those protected forests were to accumulate carbon to meet the relative distribution of carbon stocks observed throughout unlogged forests today, the total amount of added aboveground carbon would be about 362.5 Tg (million metric tons) throughout Sabah. This value represents a near doubling of total forest carbon stored in Sabah's forests at present. Current and forthcoming protection depends upon forest management decisions ongoing within Sabah, but we can already detect the effect of environment on the recovery process (Fig. 6 ). Forests at higher elevation are much more likely to contain higher aboveground carbon stocks than lowland forests, an indicator that a lack of forest accessibility has facilitated post-logging regeneration (Meijaard et al., 2005) .
Overall, our findings indicate that enormous amounts of carbon persist in both logged and unlogged forests throughout Sabah. Our estimated aboveground carbon densities of 150+ Mg C ha −1 in unlogged forest meet or exceed carbon stocks of most tropical forests, including much of the Amazon and Congo basins (Avitabile et al., 2016; Saatchi et al., 2011) . Even the logged forests of Sabah currently harbor as much carbon per hectare as old growth forests of the western Amazon basin and other tropical forests worldwide Poorter et al., 2016) . Moreover, given that forests of Sabah occupy a relatively confined area of 3.6 million ha, most of which is lowland to sub-montane forest, the potential for recovery of carbon stocks can be assessed through comparison of the widespread logged and the much more limited areas of unlogged forest. Based on current distributions of forest carbon stocks, we contend that Sabah could, theoretically, double its total aboveground carbon stock just by allowing the current areas of logged forest to fully regenerate. Timescales of regeneration to full carbon density are poorly understood, but studies around the humid tropics suggest a century or more time will be needed (Keller et al., 2004; Pinard and Cropper, 2000; Sasaki et al., 2016) . Our results provide a critically important input into the process of identifying high conservation value forests, and to determine potential areas for new protections that conserve and recover Sabah's remaining forests. Forest carbon is one of several factors indicating the stature and intactness of tropical forests, including the identification of old growth trees and stands. Additional spatially-explicit information on biological diversity in the canopy, as well as among the animal and plant inhabitants of the forest, will be important factors needed to identify remaining forests for protection in Sabah and throughout other regions of Borneo and Southeast Asia. One way to combine the results from carbon and biodiversity mapping might involve a hierarchical approach, where high carbon stock forests are identified as we have done here, and then high biodiversity areas within those high carbon stock forests are delineated and used to prioritize areas for protection. The resulting prioritization will be developed using forthcoming maps of forest canopy functional diversity, derived using the approach outlined Table A1 . Each dot represents one forest reserve.
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